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Using three nationally representative surveys from the country, we estimate the private 
rates of returns to education in The Gambia. To obtain consistent estimates, we exploit 
exogenous variation in school availability in the country at the district level at the time 
current wage earners where born. Our results show that the private rates of returns to 
education are quite high, although heterogeneous across regions of the country. The 
high rates of returns are robust to alternate formulations. 
 
 
Keywords: Gambia; Schooling; Returns to Education; Wage 




  5 
 
 
I.   Introduction 
 
The importance of education in development is a perennial topic in economics 
especially  in  the  context  of  sub-Saharan  Africa’s  development  experience.  The 
connection is not surprising since the region stands out both in its low level of schooling 
and its  low historic average  rate of economic  growth.  In the macroeconomic growth 
literature, Krueger  and Lindahl (2001) showed  that education is  positively associated 
with economic growth, a result that accords well with many previous studies. Micro-level 
research on private rates of returns to education has shown disparate estimates in sub-
Saharan Africa in the private benefits to education.  Our work focuses on private returns 
to education in The Gambia
2, a small country in West Africa with very low  levels of 
schooling. Like other countries in the region, it also has achieved little economic growth 
since independence in 1965. It is therefore not surprising that the country is not on 
schedule  to  achieve  one  of  the  Millennium  Development  Goals:  univers al  primary 
education by 2015.  
This work adds to the large literature that provides a range of estimates on the 
private  rate  of  returns  to  education  in  Africa.  Psacharopoulos’  1994  review  of  the 
literature  found  that  the  average  private  rate  of  returns  to  education  for  sub-Saharan 
Africa were around 13%, though with significant variation in estimates across countries. 
Many  studies  on  returns  to  education  in  sub-Saharan  Africa  have  improved  on  the 
estimation  methodology of the works  cited by Psacharopoulos  (1994).  For example, 
Glewwe (1996) was able to directly address school quality and ability, problems that 
                                                 
2 The Gambia’s official name is “The Gambia” including the capitalized article, so we use that each time 
that way in the text.  6 
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have largely been unaddressed in the earlier literature. That work estimated the rate of 
returns to education in Ghana to be in the range of 3% to 6%. In a more recent and 
equally rigorous work, Oyelere (2010) estimates returns to schooling that are slightly 
under 4% in  Nigeria. And in  another study  about  a West  African country, Kazianga 
(2004) also estimated returns to education in Burkina Faso, finding that the returns to 
education are between 9% and 17% at the primary school level and 13% and 20% at the 
secondary  school  level  in  the  private  sector.  In  the  public  sector,  the  returns  range 
between 0% to 6% at the primary level and 10% and 11% at the secondary level. Schultz 
(2004) found estimates for Ivory Coast ranging from 3.8% to 28%. In a different region 
of sub-Saharan Africa, Siphambe (2000) estimates the rate of returns to education in 
Botswana to be in the range of 12% to 18%. 
The literature therefore provides a wide range of estimates of the rate of return to 
education in sub-Saharan Africa. It could be the case that there are indeed very large 
differences between countries in the rates of returns to education since there has been 
very  little  replication  of  estimates  within  a  single  country.  Part  of  the  difference  in 
estimates may also be due to the use of improved econometric techniques among recent 
papers. Some of these new approaches have addressed issues such as ability bias and 
selection - problems that were not always addressed in many earlier papers.   
Another possibility is that differences in estimation strategies can also produce 
different results since the estimates may be specific to only a subset of the population in a 
given country.  Specifically, the estimates from using an instrumental variable approach 
may not be comparable across different studies that employ different instruments since 
such an estimation strategy produces the local average treatment effects (Card, 2001; 7 
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Imbens and Angrist, 1994).  Typical estimates using instrumental variables, in which the 
most common instrument measures access to schooling, provide measures of the returns 
to schooling for those who would have continued in school but did not have access to 
schooling.  Given that in the African context there is great variation across countries, 
ethnic groups, and religions in the proclivity of parents to send their children to school 
even  when  it  is  available  and  affordable,  one  should  also  expect  great  variation  in 
estimates of returns based on that population.  
This  work  contributes  to  the  literature  by  providing  the  first  estimates  of  the 
private rate of returns to education for The Gambia and among its regions. Our estimates 
rely on the exploitation of the exogenous variations in the availability of schools across 
the country at the district level and its interaction with year of birth of individuals to 
control  for  ability  bias.  In  addition,  we  use  exogenous  rainfall  shocks  to  control  for 
selection bias. Like many instrumental variables, ours are not perfect. We discuss the 
possible violations of the exclusion restriction and provide further robustness checks to 
mitigate against them. 
Our study uses three nationally representative household surveys from 1992, 1998 
and  2003  that  provide  a  very  high  coverage  rate  for  the  overall  population  of  The 
Gambia.  The results show high and significant private rate of returns to education for 
individuals in the wage sector. The results also suggest large significant differences in the 
rate of returns to education across regions.  
This work proceeds as  follows. In section II, we describe the data set, which 
includes the historical education data of The Gambia. Section III discusses our estimation 8 
 
  8 
strategy. Our main results on private rate of returns are presented in Section IV, where we 
also present our robustness checks. Section V concludes the paper.     
II. Data description 
 
  Like other countries in the Sub-Saharan Africa region, The Gambia is very poor 
by world standards, predominantly rural, and has an agricultural-based economy. Since 
independence in 1965, economic growth has been nearly non-existent, averaging about 
0.7% per year between 1965 and 2009. The GDP per capita (PPP) in 2009 was $1,285 in 
constant 2005 US dollars (World Bank 2010). 
The data set we use includes three household  surveys (1992, 1998 and 2003) 
carried  out  by  the  Central  Bureau  of  Statistics  in  The  Gambia.  These  surveys,  the 
Household Poverty Survey, cover all the seven regional administrative areas (regions 2-6 
are commonly known as Divisions) and most districts
3. The surveys are repeated cross-
section and are carried out approximately every five years. The numbers of househo lds 
sampled in years 1992, 1998 and 2003 were 1,387; 1,923 and 4,672 respectively, making 
a pooled sample size of 7,982 households. This household coverage results in 62,538 
sampled individuals. Out of this sample, approximately 13,780 individual are wage 
earners. 
Table 1 presents the summary statistics of key variables for individuals in the 
labor market. The three time periods are very similar in most of the variables listed. As 
expected, the average years of schooling ( S), at 2.92 years, is very low in the sample. 
Surprisingly, the average of this variable is lower in the 1998 and 2003 samples than in 
                                                 
3 The country is divided in to roughly six administrative areas: five divisions plus the capital and its 
surrounding area called the Greater Banjul Area. Within the five divisions are districts numbering close to 
40. The 1992 and 1998 surveys covered most but not all districts. The 2003 survey covered all districts. 9 
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1992, but virtually all of that difference can be accounted for in the differences between 
the rural samples of the two sets of periods. While wage earners are similar to the general 
sample in average schooling, they are on average 7 years older relative to the general 
population.  Similarly,  women  have  significantly  fewer  years  of  schooling  than  men, 
attaining 2.34 years of schooling on average relative to men’s average of 3.68 years. 
In constant 2003 values, annual wages have increased by 49% between 1992 and 
2003. Figures 1 and 2 provide the wage distributions by gender and location. Unlike 
wages, total household income has not grown over this time period. In fact, it fell by 14% 
over that time period most likely because of the drought of 2003. This is consistent with 
macroeconomic figures since the average annual GDP per capita growth rate was -0.05% 
from 1992 to 2003 (World Bank 2010). 
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Table 1: Summary statistics of some key variables (standard deviations are in parentheses). This 
summary is restricted to wage workers we use in our analysis. 
  Pooled  1992  1998  2003 























‡  13,779  8.48 
(1.66)  3,048  7.82 
(1.67)  3,013  8.29 
(1.72)  7,718  8.82 
(1.53) 
Schooling (S)  13,507  2.92 
(4.14)  3,036  3.63 
(3.70)  2,956  2.52 
(4.37)  7,515  2.87 
(4.15) 
Age  13,775  29.39 
(16.50)  3,048  36.81 
(13.26)  3,009  38.65 
(14.18)  7,718  27.01 
(16.45) 
Experience
4 (E)  13,775  19.28 
(13.38)  3,048  18.91 
(13.12)  3,009  20.78 
(13.96)  7,718  18.84 
(13.21) 
Female  13,775  0.47 
(0.50)  3,048  0.43 
(0.50)  3,009  0.39 
(0.49)  7,718  0.48 
(0.50) 
Rural  13,779  0.56 
(0.50)  3,048  0.53 
(0.50)  3,013  0.55 
(0.50)  7,718  0.57 
(0.50) 
No Schooling  13,592  0.60 
(0.49)  3,048  0.79 
(0.42)  2,983  0.73 
(0.45)  7,561  0.56 
(0.45) 
Primary  
School  13,592  0.18 
(0.38)  3,048  0.05 
(0.21)  2,983  0.08 
(0.27)  7,561  0.21 
(0.41) 
Secondary  
Schooling  13,592  0.20 
(0.40)  3,048  0.13 
(0.33)  2,983  0.17 
(0.38)  7,561  0.22 
(0.41) 
Tertiary 
Schooling  13,592  0.02 
(0.12)  3,048  0.03 
(0.16)  2,983  0.02 
(0.15)  7,561  0.01 
(0.11) 
‡Log-wage is the natural log of annual wage in 2003 Dalasis ($1=27 Dalasis in 2003). 
No Schooling=1 if no schooling; Primary School=equals 1 if the highest level of schooling is 
the primary level; Secondary School=equals 1 if the highest level of school is the secondary 
level;  and  Tertiary  Education=equals  1  if  the  individual  has  tertiary  level  education.  The 
variables No Schooling, Primary School, Secondary School and Tertiary Education sum to 1. 
 
 
School and Education Data 
Our analysis relies heavily on the historical education and population data. The data on 
the dates and location of school constructions comes from the Ministry of  Education, which 
keeps a record of all formal schools ever constructed in the Gambia. For example, the first 
                                                 
4 Experience is measured in years. We do not have data on real labor market experience acquired. Rather, we 
constructed it as follows: E=Max{0, age-18}. The choice of 18 is admittedly arbitrary. It is possible to acquire labor 
market experience before reaching 18, especially if one never attended school. We have used age instead of this 
constructed experience variable and the results are highly similar. 12 
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modern school was constructed in The Gambia in 1835. This is far earlier than the earliest date 
of birth for a worker in our sample, which is 1912. Our time series of district and national 
population data comes from the Central Bureau of Statistics. Because of its small size (the land 
size is 4000 square miles), collecting population data for the Gambia even in early 20
th century 
was far less challenging than in many other African countries. Population figures for the-then 
Gambia  colony
5  had been kept by the colonial authorities as early as 1900. In 1900, the 
population of The Gambia was approximately 110,000, and at independence in 1965 it had 
reached 407,800 people.  
  Given the history, schooling is naturally low in levels and even in growth.
6 The adult 
literacy rate in 1990 was 26%. Net enrollment rate at the primary level in 1991 was 48%. The 
pupil to teacher ratio increased from 31.3 in 1990 to 32 .9 in 1998, due to a slow growth in 
enrollment combined with little investment in education, schools, or addition of teachers over 
time (World Bank 2010).  While historical school attendance and achievement numbers are 
difficult to find, data on the dates of construction of every school in the formal education sector 
in the country does exist. The levels and densities of both primary and secondary schools from 
1900 to 2005 are presented in figures 3 and 4.  
  In addition to the low total number of schools in  the country, the distribution of schools 
has also been very unequal across regions, with a bias toward the capital and other urban areas. 
Table 2 shows the spatial school density per region. The farther away a region is from the 
capital, the smaller the number of schools per square kilometer.  
   
   
                                                 
5 The Gambia was a British colony and protectorate. The small territory was divided into two parts: the colony and 
the protectorate. The colony covered the capital and coastal areas and was ruled directly by colonial administrators 
headed by a governor appointed from London.  This area corresponds to the administrative areas of Region 1 and 
parts of Region 2. The interior was considered the protectorate, which was ruled indirectly through local chiefs and 
corresponds to parts of Region 2, and all of Regions 3, 4, 5 and 6 (Hughes and Perfect 2006). 
6 Good data on enrollment, literacy and educational expenditure does not extend earlier than the 1990s.  13 
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Figure 3: The number of primary and secondary schools in the country from 1900-2005. 
 
Source: school data comes from the Ministry of Education while population data comes from the 
Central Bureau of Statistics. 
 
Figure 4: The number of schools per 1000 people from 1900 to 2005 
 
Source: School data comes from the Ministry of Education while population data comes from 
the Central Bureau of Statistics. 
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Table 2: Number of Schools per 10 square kilometers 


























Region 1  2.258  1.828  2.344  1.914  2.882  1.935  3.355  1.935  3.656  1.978  4.108  2.516 
Region 2  0.114  0.012  0.123  0.029  0.136  0.029  0.189  0.029  0.205  0.029  0.215  0.043 
Region 3  0.116  0.000  0.123  0.018  0.139  0.019  0.239  0.019  0.271  0.019  0.334  0.023 
Region 4  0.049  0.000  0.051  0.005  0.067  0.006  0.172  0.006  0.174  0.009  0.175  0.013 
Region 5  0.033  0.000  0.033  0.002  0.046  0.003  0.093  0.003  0.105  0.003  0.109  0.003 




III. Estimation Strategy and Results 
 
To estimate the private rate of returns to education in the country, we start with the 
following standard Mincer-type equation:  
2 '
1 2 ln( )
ik ik ik ik ik ik Y S E E              ,           (1) 
where  ln( ) ik Y  denotes the natural log of wage income, Sik stands for years of schooling attained 
and Eik denotes labor market experience for individual i in district k. The vector χ represents 
other determinants of earnings such as sex, rural residence, and regional location. Also included 
are the two year dummies (1998 and 2003), with 1992 being the excluded year.  
A direct estimation of equation (1) would likely lead to a biased and inconsistent estimate 
of the rate of returns to education for a number of reasons. The first reason is that individuals in 
the wage labor market are unlikely to be a representative sample of the population. Specifically, 
participation in  the labor market  occurs only if the market  wage is  equal  to  or exceeds  the 
individual’s reservation wage. Secondly, since unobserved ability of individuals is likely to be 
correlated with schooling and wages, any estimate of    from equation (1) would likely suffer 
from omitted variable bias.  
In order to solve the first potential bias with our data, let the labor market participation 
decision of individual i be given by: 15 
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' '
ik ik ik ik L R                         (2) 
where 1 ik L  if  an  individual  is  in  the  labor  market  and  0  otherwise,  while ik R is  a  vector  of 
variables that affect an individual’s decision to enter the labor market through their effect on the 
reservation wage but do not directly affect the market wage. In this formulation, 1 ik L  when we 
observe  labor  market  participation  indicating  that  the  market  wage  exceeds  the  individual’s 
reservation wage. In addressing the selection problem, the challenge is to identify variables in R, 
which we do by taking advantage of rainfall risk in the area since agriculture is the primary 
economic activity. Kijima, Matsumoto and Yamano (2006) in Uganda, Rose (2000) in India, 
Cameron and Worswick (2003) in  Indonesia and Ito  and Kurosaki (2006) in  India all show 
significant responses of labor supply to rainfall risk in agriculturally dominated areas.  
We use four different rainfall variables in R: rainfall shock (in district) in survey year, 
rainfall shock the year before, rainfall shock two years before and coefficient of variation of 
rainfall (summary statistics of these variables are provided in Table 3). We define a rainfall 
shock at the district level as the deviation of the year’s rainfall from the five-year average. The 
coefficient of variation is the ratio of the standard deviation to the mean of rainfall in district 
over the previous five years. The rainfall shock variables provide aggregate risk to agricultural 
production  (at  the  district  level)  that  is  unlikely  to  be  mitigated  by  risk  sharing  among 
households because they face spatially covariant rainfall distributions. While the rainfall shock 
variables provide transient risk, the coefficient of variation of rainfall provides a relatively more 
permanent measure of risk (Rose 2000). Overall the rainfall variables are likely to affect the 
reservation wages of individuals through their effect on agricultural income, but unlikely to have 16 
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a significant effect on current wages. Therefore, their effect is a “push” effect – that is, on labor 
supply.  
The direction of the effect of rainfall shocks and coefficient of variation on labor market 
participation is ambiguous because households in The Gambia, as in many African countries 
(Barrett,  Reardon  and  Webb  2001),  have  diversified  livelihood  strategies.  For  example,  a 
negative rainfall shock  can increase labor supply if the prevailing market  wage  exceeds  the 
marginal returns to labor on the farm or in the non-farm enterprise operated by the household or 
individual. Conversely, a positive rainfall shock can reduce labor supply if the returns to farm 
labor exceed the prevailing market wage. Given that most households and individuals do not 
exclusively farm (or work exclusively as entrepreneurs or wage laborers), the rainfall effect on 
labor supply is an empirical question.  The validity of the above exclusion variables (rainfall 
shocks and coefficient of variation) depends critically on their lack of direct effects on wages. In 
other words, these variables need to have significant effects on labor market participation but no 
direct effect on wages. In the appendix (table A1), we show that all the rainfall shock variables 
and the coefficient of variation of rainfall have no direct statistically significant effect on log 
wages. 
There is also a potential “pull” effect – that is, a variable affecting labor demand, which 
can determine labor market participation and therefore would belong in R. We therefore add the 
proportion who are self-employed in each district as a measure of labor demand.  The appendix, 
table A1, shows that like the rainfall data, business ownership in the district does not have a 
statistically significant effect on wages. 17 
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Using these “push” and “pull” variables, we estimate equation (2) as a Probit model to 
obtain the Inverse Mills Ratio from labor market participation.  The Inverse Mills Ratio can be 
used to augment equation (1) to address the potential selection bias from only observing wages 
from  the labor market  participation. The result in  table 4 shows the relevance of the above 
selection instruments. A rainfall shock in the survey year has a positive effect
7 on labor market 
participation but it is not statistically significant, while rainfall shocks in the preceding year and 
two years before both have significant and negative effects on labor market participation. We 
also found that the coefficient of variation of rainfall decreases labor market participation, which 
is consistent with Ito and Kurosaki (2006). And finally, higher numbers of businesses in the 
district is correlated with higher labor force participation. Table 4 shows that years of schooling 
(S) has a U-shaped relationship with labor force participation. Without adding a quadratic term 
for the number of years of schooling as we do in column 2, the result in column 1 alone would 
have implied a counter intuitive relationship. 
Table 3: Summary Statistics of identifying variables in equation in R in equation (2). 
 
 
                                                 
7 In other words, an above average rainfall in district is associated with employment in the wage sector. 
Variable  Mean 
Standard 
Deviation 
  1  2 
Coefficient of Variation of Rainfall  0.24  0.13 
Current Year Rainfall Shock   -16.90  240.06 
Rainfall Shock in Preceding year   -
166.16  146.61 
Rainfall Shock in 2 Years Earlier   -41.90  126.34 
Proportion of Business Owners in district   0.06  0.13 18 
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Table 4: Relevance of Selection Instruments. Below are the probit results (marginal effects). The 
dependent  variable  is  whether  the  individual  is  in  the  labor  market.  Robust  and  clustered 
standard errors are in parentheses. Note that the number of observations here far exceeds the 
sample in the wage regression because we use the whole sample. 
  Whole Sample 
  1  2 





2)    0.002*** 
(0.0001) 












































Observations  50633  50633 
Log Likelihood  -20253  -20334 
***significant at 1% level; **significant at 5% level; *significant at 10% level. The excluded 
year dummy is 1992. 
 19 
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In order to address the possibility of an omitted variable bias due to unobserved ability, 
we  use  an  instrumental  variable  estimation  method  that  exploits  the  variation  in  access  to 
schooling at the time of an individual’s birth. We accomplish this by interacting the primary and 
secondary  school  densities  in  district  with  year  of  birth  of  each  individual
8. Our first stage 
equation is 
2 2 '
1 2 3 4 5 ik ik ik ik ik ik ik S P P M M                          (3) 
where ik P and  ik M respectively denote the densities of primary and secondary schools in district k 
the  year  individual  i  was  born
9.  As  is  evident  from  equations  (1)  and  (3),  the  excluded 
instruments are the densities of primary (P) and secondary schools (M) and their quadratic terms. 
For these variables (P and M) to serve as proper instruments, they most be highly correlated with 
S and be uncorrelated with ability in   in equation (1)
10. 
The  first  requirement  of  our  identification  strategy  concerns  the  relevance  of  the 
instruments. The proximity to schools, which partially proxies the cost of schooling,
11 is likely to 
directly influence the probability of parents sending their children to school. This requirement is 
also directly testable. First, we show that the school proximity is indeed a significant determinant 
of schooling as shown in the results in Table 7. Both measures of school density and their 
quadratic  terms  show  significant  effects  on  educational  attainment  among  wage  earners. 
                                                 
8 In this way, the instruments capture both the effects of school access as well as any year effects.  They are similar 
in spirit to the instruments used in Duflo (2001) and Oyelere (2010) 
9  Our findings in the results section are unchanged if we instead use school densities in districts at the time 
individual was 6 years old  - that is, a year before students can be enrolled in primary school. 
10This second stage equation (equation 1) does not control for age.  This is because age and experience are highly 
correlated in our sample (the correlation  coefficient is 0.9). However, in a later section , we estimate the wage 
equation for different age cohorts.  
11 In areas without schools, parents who want to send their children to school will foster them out to other families, 
sometimes related, sometimes not, in other towns where there are schools.  This child fostering inevitably imposes 
additional costs relative to keeping a child at home and sending them to a nearby school. 20 
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Furthermore, in the instrumental variable estimation of equations (1) and (3) jointly, we provide 
the F-test results for the joint statistical significance of 2 3 4 , ,    and 5  . These coefficients are 
jointly significant statistically, showing that our instruments are highly correlated with the level 
of schooling attained.  
Another condition for the consistent estimation of   is that these instruments (P and M) 
are  uncorrelated  with  ability,  which  is  relegated  in ik  .  In  other  words,  this  exogeneity 
assumption  implies  that  school  density  in  the  district  where  the  individuals  were  born  is 
uncorrelated with ability and current wages. While this requirement is not directly testable, we 
make the case that the likelihood of the condition being violated is low in our empirical strategy. 
Because school density differs from district to district and is systematic while ability is likely to 
be randomly distributed in the population, it is unlikely that variations in the density of schools 
are correlated with an unobservable such as ability.
12 As table 2 makes clear, the number and 
density of schools have been very low in The Gambia. Because the exposure to schooling is very 
limited in all regions of the country, the low a verage level of schooling makes it unlikely that 
only high ability individuals would have access to and attend school.  
On the requirement that there should be no correlation between school density in an 
individual’s district and her current wage, we acknowledge that this probability is not as low as 
that of the requirement that ability and school density having low correlation. We, nevertheless, 
present some evidence that observed current wages are not likely to be correlated with school 
density in individual’s district at her time of birth. While the correlation of school densities over 
                                                 
12 It is unlikely that the colonial government was responsive to local needs in terms of where schools should be built. 
And while it is likely that the post-independence governments will favor urban areas for many public projects, it is 
hard to see how the distribution of these public projects is correlated with ability. 21 
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time is unavoidable, we show in table 5 that there is a convergence in density of schools per 
region. For example, while Region 3 had the second lowest primary school density in 1960, it 
ended up having the highest density in 1990. In other words, while regions close to the coast had 
a relatively higher number of schools initially, they have also experienced tremendous increases 
in population as shown by their explosion in population density between 1960 and 1990. And 
during this same period, the number of schools in the more remote regions has started to increase 
significantly. So while we acknowledge the possibility of correlation between school density in 
district at the time of the individual’s birth and her current wage, any such correlation is likely to 
be mitigated by rapid population growth. 
 
Table 5: Primary School and Population Density in Regions between 1960 and 1990. 
    School Density (per 1000 people)    Population Density (per sq. km) 
    1    2    3    4    5    6    7    8 
    1960    1970    1980    1990    1960    1970    1980    1990 
Region1 








Secondary  0.211    0.104    0.064    0.051         
Region2 








Secondary  0    0.075    0.049    0.039         
Region3 








Secondary  0    0.024    0.028    0.021         
Region4 








Secondary  0    0    0.019    0.032         
Region5 








Secondary  0.017    0.022    0.025    0.020         
Region6 








Secondary  0    0    0    0.007         
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Table 6: Summary Statistics of Excluded Instruments 
Variable  Obs.  Mean 
Standard 
Deviation 
  1  2  3 
Primary School 
Density (P)  13770  0.222  0.124 
Secondary School 
Density (M)  13728  0.092  0.117 
Primary School Density (P) is the number of primary schools per 1000 people in district when 
individual was born. 
Secondary School Density (M) is the number of secondary schools per 1000 people in district 
when individual was born. 
 
 
Even after estimating returns to education with the above corrections and adjustments, we 
are still left with the issue of how to properly interpret the estimate for in equation (1) after an 
IV estimation. The consistent estimation of requires that the marginal returns to education be 
similar for all individuals (Card 2001). However, if returns to education are heterogeneous across 
individuals, then the results of our IV estimation would give us the weighted average of the 
returns to schooling of individuals induced to attend school by the increase in school densities. 
This latter outcome would be equivalent to local average treatment effect or LATE (Card 2001; 
Deaton  2010;  Imbens  and  Angrist  1994).  In  other  words,  our  estimates  of  the  returns  to 
education may be restricted to the sub-sample of the population on the cusp of school attendance 
or enrollment and would be driven by the elasticity of that enrollment with respect to access. 
This latter point has some implication for the comparability of estimates of returns to education 
across different studies using different estimation strategies. As long as different instrumental 
variables (in this paper it is school construction but could be lower school fees in others) have 
different elasticities, the comparability of estimated returns to education would be limited. In 23 
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other words, the LATE will likely differ based on the type of instrument used and its effect on 
the level or years of education attained. This should be kept in mind in comparing returns to 
education across countries and studies. 
 
Table 7: Determinants of Schooling Attainment (for wage earners only). The dependent variable 
is the years of schooling (S). Robust and clustered standard errors are in parentheses. See 
previous the preceding figures in table 6 for summary statistics of variables P and M. 
  OLS 
  1 
Age  0.013 
(0.010) 
Age squared  -0.001 
(0.0001)*** 
Rural Dummy  -1.252 
(0.095)*** 
Female Dummy  -1.535 
(0.067)*** 
1998 Dummy  -1.012 
(0.092)*** 
2003 Dummy  -1.289 
(0.079)*** 
Secondary School 

















Constant  4.445 
(0.395)*** 
Regional dummies  Yes 
Observations  13457 
F-test p-values
§  23.11 
(0.000) 
R squared   0.19 
***significant at 1% level; **significant at 5% level; *significant at 10% level. The excluded 
year dummy is 1992. 
§The F-test is the test of the joint significance of the coefficients on M, M
2, P and P
2. 24 
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IV Results: 
Table 8 presents our estimates of the private rate of returns to education in the wage 
sector in The Gambia. This table shows our second stage results from equation (1) and also the 
first  stage  results  (equation  3).  The  p-values  of  the  Hansen-Sargan  statistics  validate  our 
excluded instruments and the high value of the F-test statistic of the joint significance suggests 
they are highly relevant. The statistical significance of the Inverse Mills Ratio also suggests that 
the sample selection effect is non-trivial.  
The OLS estimate of the rate of returns to  schooling for the pooled sample is  6.8% 
without  selection  correction  and  7.4%  with  selection  correction,  which  are  not  significantly 
different from each other statistically. The IV estimates of the rate of returns to schooling are 
24.1%, 19.1%, and 35.8% depending on specification. Our preferred rate of returns to education 
for the country is 24.1% in column 3 of table 8 because this particular result addresses both 
selection and omitted variable bias.  
The results by gender, in table 8, show that the rate of returns to education is higher for 
males  (35.8%)  than  for  females  (16%)
13.  This  is  surprising  because  the  average  level  of 
schooling of males is higher than that of females in the sample. Assuming diminishing marginal 
returns, then one would expect the returns to be higher for females relative to males. However, 
the expectation of higher female marginal re turns assumes the absence of unobserved gender 
discrimination. Specifically, societal norms could counteract the expected higher female returns 
by creating gender barriers in certain higher -return occupations. In an experimental study of 
                                                 
13 We use interaction terms in columns 4 and 5 of table 8 to allow the marginal returns to education to vary by 
gender and location. While this procedure forces the coefficients on the other variables to be the same for both 
gender  and  rural  dummy,  this  decision  is  not  very  limiting  since  we  are  not  particularly  interested  in  gender 
differences in variables such as experience, rural and year dummies. 25 
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returns to capital among Sri Lankan micro-entrepreneurs, Del Mel et al. (2009) found that the 
marginal returns to capital is higher for males than females even though the former have larger 
capital  sizes.  While  they  found  that  this  gender  difference  in  marginal  returns  cannot  be 
explained  by  differences  in  ability  or  risk  preferences,  it  is  consistent  with  differential 
concentration  in  industries  and  relative  intra-household  bargaining  power.  It  is  also  worth 
pointing out that Schultz (2004) also found that the returns to education for males are higher than 
females across age cohorts in another country in West Africa, Ivory Coast.  
The higher marginal returns to education for urban residents (19.1%) relative to rural 
workers  (7.3%)  is  also  counter-intuitive  given  the  relatively  higher  average  educational 
attainment in urban areas. While we would expect higher marginal rate of returns at lower levels 
of schooling, the kinds of occupations available in rural areas are unlikely to provide high returns 
to education relative to those in urban areas. For example, high return government jobs are more 
likely to be located in urban areas. The significant difference in returns to education between 
rural and urban areas suggests some heterogeneity across regions. We present the estimations by 
regions  in  table  9  and  indeed  find  large  heterogeneity.  It  appears  that  the  high  returns  to 
education are driven primarily by 2 out of the 6 regions
14. For the four other regions, the rate of 
returns to education ranges from 8% to 16%. 
The heterogeneity of the rate of returns within a small country such as the Gambia 
suggests that the variation in returns within individual countries may be higher than variability 
between countries (Psacharopoulos, 1994). Our est imate of the rate of returns to education in 
                                                 
14 The population share of regions 1, 2, 3, 4, 5 and 6 are 26%, 29%, 13%, 5%, 14% and 13% respectively. 26 
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four out of six regions is very similar to the single digit estimated values for other West African 
countries in the region (see for example: Oyelere, 2010; Kazianga, 2004 and Glewwe, 1996).  
What accounts for the heterogeneity in our estimated rate of returns to education when 
we use the IV approach? As can been seen in table 9, our measure of the rate of returns to 
education with OLS is very similar across regions. The interpretation of our estimated returns to 
education is affected by the potential heterogeneity of the marginal returns to schooling induced 
by possibly different responses to school construction and access. Given that different regions of 
The Gambia had different levels of school densities at any point in time, it is unlikely that 
changes in school densities would induce identical enrollment in all districts and regions. Given 
this fact, the appropriate interpretation of our IV estimate is the local average treatment effect 
(Card 2001; Deaton 2009; Imbens and Angrist 1994). In other words, our estimate provides the 
returns to education on the subset of the population who attained some schooling but would 
otherwise not have, had there been no change in construction of schools in their districts. This 
interpretation of the IV estimate also suggests that there may be limits to comparing estimated 
returns to education across different countries due to differences in estimation strategies. Even 
studies carried out on the same population that use different instruments are unlikely to have 
comparable estimates of the return to an additional year of schooling. 
Another factor that can account for the significant differences in returns to education 
across  regions  is  the  violation  of  the  exclusion  restriction  in  our  IV  estimate  strategy. 
Specifically, historical school densities may affect current wages through channels not restricted 
to attained schooling (S). This could result from differences in levels of regional development or 27 
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urbanization - initial differences that can persist through time across regions and districts
15. This 
is consistent with the low Hansen -Sargan statistics in column 4 of table 8 and the results for 
regions 4 and 5 in table 9. However, even when we exclude regions 4 and 5, our returns to 
education estimate for the remaining sample is 24%, almost identical with the value in column 3 
of table 8. 
 
   
                                                 
15 We would like to thank an anonymous reviewer for alerting us to this possibility and its implications for our 
results. 28 
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Table 8: Wage regression results. The dependent variable is the natural log of wage income. In 
obtaining returns to educations by gender and location (columns 4 and 5), note the interaction 
terms. Robust standard errors (clustered at district level) are in parentheses.  
 
OLS    IV 
1  2  3  4  5 
Schooling (S)  0.068*** 
(0.005) 
0.074*** 






Experience (E)  0.049*** 
(0.005) 
0.174*** 






Experience Sq.  -0.001*** 
(0.000) 
-0.003*** 






Female Dummy  -0.737*** 
(0.088) 
-1.078*** 






Rural Dummy  -0.603** 
(0.230) 
-0.580** 






1998 Dummy  0.421*** 
(0.085) 
0.193 






2003 Dummy  0.899*** 
(0.138) 
0.670*** 






Schooling*Rural          -0.118 
(0.077)   
Schooling*Female            -0.190** 
(0.083) 
Inverse Mills Ratio  No  1.368*** 






Constant  8.204*** 
(0.073) 
5.914*** 





































R squared  0.39  0.38         
Regional Dummies  Yes  Yes    Yes  Yes  Yes 
Observations  13503  13033    12989  12989  12989 
Hansen-Sargan
† 














***significant at 1% level; **significant at 5% level; *significant at 10% level. The excluded year dummy is 1992. 
§This is the test on whether the excluded instruments (which appear only in the first stage) are jointly significant. 
†This is Hansen-Sargan test with the null hypothesis that the instruments are valid. 29 
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Table 9: The Rate of Returns to Education by Regions. The dependent variable is log of wage income. All controls in Table 8 are also included here. 
     Region 1    Region2    Region3    Region4    Region5    Region6 
     OLS  IV    OLS  IV    OLS  IV    OLS  IV    OLS  IV    OLS  IV 
    1  2    3  4    5  6    7  8    9  10    11  12 

























































  4.27 
(0.23)      3.71 
(0.30)      5.70 
(0.12)      6.72 
(0.08)      9.35 
(0.02)      5.48 
(0.14) 
Uses Controls 
in Column 3 
of Table 8 
 
Yes  Yes    Yes  Yes    Yes  Yes    Yes  Yes    Yes  Yes    Yes  Yes 
Observations    3664  3658    4004  3985    1626  1622    496  493    2234  2225    1479  1474 
R sq.    0.18      0.21      0.31      0.48      0.24      0.35   





Robustness Checks on Rate of Return to Schooling 
Since the effect of differences in learning in first and second grade is not the same as in 
sixth and seventh grade, it is also possible that the rates of returns to schooling differ at various 
levels of schooling.  In our main estimation, we did not include higher order terms for the years 
of schooling (S) variable in the second stage estimation (equation 1). To determine if this is the 
case,  we  estimate  the  relationship  between  years  of  schooling  and  log  wage  with  a  semi-
parametric technique that does not force any linearity assumption between the two variables.   
Equation (4) estimates a semi-parametric equation, which admits a flexible function of 
years of schooling, ( ) i f S  and allows other relevant individual variables (age, experience, gender, 
rural, regional and year dummies) to enter linearly (Lokshin 2006).  
 
' ln ( ) i i i i Y f S X                 (4) 
X represents a vector of individual variables and i  is a zero-mean error term. The variables that 
enter linearly are the same controls in the results presented in column 3 of Table 8 except for the 
interaction  terms  and  the  inverse  mills  ratio.  The  semi-parametric  procedure  estimates 
 
' ln i i i YX    and then smooths   
' ln ( ) i i i i Y X f S      (where is the estimation of   ) 
using locally weighted scatter-plot regression (LOWESS). 
Figure 5 presents the non-parametric function, ( ) i f S  that results from estimating equation 
(4). The estimated figure is approximately linear and does not show dramatic changes in slope. It 
is therefore unlikely that our earlier estimation obscures significant heterogeneity in the rate of 








However,  the  above  semi-parametric  figure  does  not  address  the  potential  bias  that 
motivated our IV approach. Following the literature, we also estimate returns to education using 
levels of schooling rather than years of education. This could be important if the attainment of 
certain educational levels comes with a credential effect. For example, while an individual with 5 
years of schooling is only 2 years behind another with 7 years, the differences in the labor market 
could be significant given the latter is in possession of a primary school leaving certificate. 
To estimate returns to education using levels, S in equations (1) and (3) is now considered 
a vector of schooling levels. These levels of schooling, which are dummy variables, are primary 
(1 to 6 years of schooling), secondary (7 to 12 years of schooling) and tertiary (greater than 12 
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years of schooling for those with primary, secondary and tertiary education levels are 3.4, 9.6 
and 14.4 respectively. 
Table 10 presents the results of our estimation using levels of schooling. As with our 
results from using years of schooling, the IV estimates are much higher than the OLS estimates. 
However, the OLS estimates in tables 10 are similar to those in table 8 following the method by 
Shultz (2004). For example, calculating the implied returns to an additional year of education for 
secondary level using the OLS estimates is: (1.173-0.144)/(9.6-3.4)=0.08. Following the same 
calculation, it can be shown that the returns to a year of education at the primary and tertiary 
levels for the OLS results are 0.05 and 0.11 respectively. For the IV results, the implied estimates 
for a year of schooling at the primary, secondary and tertiary levels are 0.24, 0.13 and 0.21 
respectively. 
 




Table 10: Returns to Education by Level of schooling. The dependent variable is log wage. The 
reference education level (omitted category) is no school. Robust standard errors (clustered at 
district level) are in parentheses. 
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Observations    13503   
 
12989 
R Squared    0.37   
   


























































































***significant at 1% level; **significant at 5% level; *significant at 10% level. The excluded year dummy is 
1992.
§This is the test on whether the excluded instruments (which appear only in the first stage) are jointly 
significant.
† This is Hansen-Sargan test with the null hypothesis that the instruments are valid. 




There is another potential issue with our estimates of returns to schooling: school quality. 
It is possible that differences in school quality may affect the rate at which parents send their 
children to school. If there are significant differences in school quality and it is not controlled 
for, this could bias our results.   
Our data did not include any measure of school quality, such as student teacher ratios, 
which are commonly used in the literature, and we therefore cannot directly assess the effect of 
school quality. But because the available evidences suggests few year to year differences in 
student  teacher  ratios,  we  do  not  suspect  that controlling  for  school  quality  through  student 
teacher ratios as commonly practiced in the literature would significantly change our results.  
Nevertheless, if there were significant school quality changes over time we hypothesize 
that they would be evident in different returns across student cohorts. If school quality changed 
significantly over time, it is plausible to suspect that this would be reflected in different rates of 
returns to education across different age cohorts. Table 11 shows the results of our main wage 
regression run separately for different age cohorts. Returns to education are still significant and 
high for all cohorts. Furthermore, none of the estimated coefficients of schooling (i.e. the rate of 
returns to education) of the different cohorts are statistically different from our main estimate 





Table 11: Returns to Education by Age Cohorts. This regression has the same controls in Table 
8 but we only show the coefficient on schooling (S). Robust standard errors (clustered at the 
district level) are in parentheses. 
        IV         
  
 
Age 25 or 
younger 
  Older than 25 but 
younger than or 
equal to 35 
  Older than 35 but 
younger than or 
equal to 45  
  Older 
than  
45 years 
    1    2    3    4 
Schooling (S)    0.232** 
(0.069) 
  0.331*** 
(0.098) 
  0.193** 
(0.078) 
  0.241** 
(0.098) 




















  3.541 
(1.069)*** 
  3.969 
(1.195)*** 
  3.019 
(1.003)*** 





  -4.377 
(2.199)** 
  -3.721 
(1.066)*** 
  -5.091 
(1.562)*** 




  14.905 
(6.714)** 
  15.315 
(7.696)** 
  14.514 
(7.367)** 





  -17.914 
(10.178)* 
  -17.684 
(8.976)** 
  -18.327 
(9.118)** 





  10.64 
(0.00) 
  7.78 
(0.00) 
  6.19 
(0.00) 
  20.37 
(0.00) 
Uses Controls in 
Column 3 of Table 8? 
  Yes    Yes    Yes    Yes 
***significant at 1% level, **significant at 5% level, *significant at 10% level 
§This is the test on whether the excluded instruments (which appear only in the first stage) are 
jointly significant. 




All our IV estimates show high rates of returns to education. This leads to the question of 
why we observe such a high rate of return and yet low school attendance. The first possible 
answer is that sending a child to school remains very costly for the average Gambian household. 
The  direct  cost  of  schooling  involves  not  only  uniforms,  books,  paper,  and  other  stationery 




the loss of child labor on the family farm and as household labor for getting wood and water, 
which  can  be  substantial  for  rural  households.  To  the  extent  that  households  are  credit 
constrained they are also unlikely to be able to borrow against the future increased earnings to 
finance current educational expenses.  
Another obstacle to schooling is the possibility of perceived low returns to schooling. 
This may seem surprising since we just documented high returns to schooling in the wage sector. 
However, the  wage sector is  relatively small in  the country. Farming  is  the more dominant 
livelihood in the Gambia.  In anticipating future returns to schooling, the agricultural sector and 
the informal work sectors are likely  to  be  weighted more than the formal wage sector in  a 
parents’ expectation of future returns to education.  
The preceding paragraph begs the question of what is the reason behind the likely low 
returns to schooling in the agricultural or informal sectors. One obvious reason to expect high 
returns to education in the agricultural sector is through its link to increased technology adoption. 
But there has been no significant technical change in the agricultural sector in The Gambia. 
Chavas et al. (2005) found that technical efficiency in Gambian farm households is almost 100%. 
This is what one would expect when there is little or no new technology to learn and thus little 




We provide the first estimates of the private rate of returns to education in The Gambia. 
Using three nationally representative household surveys and exploiting the exogenous variations 
in the availability of schools across regions when individuals were born, we are able to obtain 
consistent estimates of returns to education. Our IV estimate of the rate of returns to education 




significant heterogeneity across regions in the country. In most regions, the rate of returns to 
education ranges from 8% to 16%. This figure is higher than other estimates of the private rate of 
returns to education in developing countries in general (Psacharopoulos, 1994) and many recent 
estimates for West Africa in particular. It is also worth point out that the high inter-regional 
differences in returns to schooling could be due to the violation of the exclusion restrictions in 
some districts rather than inherent differences in rates of returns to education. 
The  combination  of  high  estimated  returns  to  education  with  low  levels  of  school 
attendance that are evident in our results suggest that the presence of constraints may prevent 
households  from  fully  exploiting  the  high  returns  to  schooling.  School  attendance  is  highly 
correlated with proximity to schools and parents directly list cost as one of the reasons for not 
enrolling  their  children.  Our  results  are  also  consistent  with  the  untested  possibility  that 
households discount the high rate of returns to education in the wage sector because it is a very 
small sector relative to agriculture in the Gambian economy. This effect may be exacerbated by 
the  fact  that  the  agricultural  sector  in  the  country  has  not  experienced  significant  technical 
change that is likely to reward education. 
The  results  presented  here  imply  that  there  is  a  large  scope  for  interventions  in  the 
education sector to have significant benefits in The Gambia.  Most directly, improving access to 
schools through construction and staffing of schools as well as reducing direct and indirect costs 
of schooling can have direct effects on children’s propensity to attend and have long-term returns 
for  individuals  and  the  country.    In  terms  of  future  research,  this  work  raises  a  number  of 
questions about the returns to schooling in agriculture and the informal sector.  It also raises a 




Future work investigating the effects of school access on child labor use in West Africa would 
also be a welcome addition to the literature. 
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Table A1: The dependent variable is log wage. The result in this table supports our identification 
strategy to control for selection. The excluded variables in the first stage selection estimation, 
equation 2 (Biz ownership, shock_t_0, shock_t_1, shock_t_2 and CV_Rainfall) show no direct 
significant effect on log wages.  
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  1  2  3 




  0.0001 
(0.001) 




  -0.001 
(0.010) 




  -0.006 
(0.005) 




  0.628 
(0.966) 
Proportion of Business Owners in 




















































Regional Dummies  Yes  Yes  Yes 
Observations  13033  13033  13033 
R squared  0.37  0.37  0.37 
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